Abstract Patients with Parkinson's disease have difficulties with self-initiating a task and maintaining a steady task performance. We hypothesized that these difficulties relate to reorganization in the sensorimotor execution, cingulo-opercular task-set maintenance, and frontoparietal adaptive control networks. We tested this hypothesis using graph theory-based network analysis of a composite network including a total of 86 nodes, derived from the three networks of interest. Resting-state functional magnetic resonance images were collected from 30 patients with Parkinson's disease (age 42-75 years, 11 females; Hoehn and Yahr score 2-3, average 2.4 ± 0.4) in their off-medication state and 30 matched control subjects (age 44-75 years, 10 females). For each node, we calculated strength as a general measure of connectivity, global efficiency and betweenness centrality as measures of functional integration, and clustering coefficient and local efficiency as measures of functional segregation. We found reduced node strength, clustering, and local efficiency in sensorimotor and posterior temporal nodes. There was also reduced node strength and betweenness centrality in the dorsal anterior insula and temporoparietal junction nodes of the cingulo-opercular network. These nodes are involved in integrating multimodal information, specifically related to self-awareness, sense of agency, and ultimately to intact perception of self-in-action. Moreover, we observed significant correlations between global disease severity and averaged graph metrics of the whole network. In addition to the well-known task-related frontostriatal mechanisms, we propose that the resting-state reorganization in the composite network can contribute to problems with selfinitiation and task-set maintenance in Parkinson's disease.
Introduction
Parkinson's disease (PD) is a neurodegenerative disorder characterized by motor symptoms caused by nigrostriatal dopamine depletion and cognitive symptoms related, in part, to disruption of the cognitive cortico-striatal loops (Kish et al. 1988; Grahn et al. 2008) . Even during relatively early stages of the disease, patients exhibit well-known difficulties with sequential motor tasks, especially when the task is self-initiated and/or self-paced, as well as impairment in several cognitive domains including generation of internal strategies and allocation of attentional resources (Beatty and Monson 1990; Owen et al. 1993; Dubois and Pillon 1997; Zalla et al. 1998; Cools et al. 2001; Lewis et al. 2005) .
Functional neuroimaging studies in PD indicated the neural substrates underlying these motor and cognitive deficits. During self-paced repetitive finger tapping or sequential finger movement tasks, patients in the offdopamine state demonstrated a relative hypoactivation in the main task-related medial frontal regions (e.g., supplementary and pre-supplementary motor areas, and anterior cingulate cortex), and a relative hyperactivation in the lateral premotor/parietal areas and cerebellum (Samuel et al. 1997; Catalan et al. 1999; Sabatini et al., 2000; Haslinger et al. 2001; Nakamura et al. 2001; Yu et al. 2007) , suggesting a functional reorganization of the sensorimotor neural substrates. Furthermore, these brain activation patterns in PD showed abnormal modulation according to the attentional demands, complexity, and context of the motor task (Catalan et al. 1999; Rowe et al. 2002) .
Every task is unique with regard to its context-specific demands, and sensory inputs and motor outputs. Various components of task performance would be affected by the specific neuropathological signature of disease. However, despite their procedural differences, tasks also share basic operations: task performance begins with processing start cues and instructions. Subsequently, successful task performance depends on maintaining the mental state (taskset) across trials, while monitoring/modulating the downstream processes on a trial-by-trial basis (Dosenbach et al. 2006) . A meta-analysis of task-based functional magnetic resonance imaging (fMRI) studies proposed two distinct networks to carry out these basic operations: (1) the cingulo-opercular network (CON) implements the task-set and demonstrates sustained activity across tasks. (2) The frontoparietal network (FPN) provides rapid adaptive topdown control and shows cue-and feedback-related activity (Dosenbach et al. 2006) . The network properties of the CON and FPN were demonstrated not only in task-based, but also in resting-state fMRI using graph theoretical analysis (Dosenbach et al. 2007) .
Here, we propose that this general framework of topdown dual task-control mechanisms can also provide a unifying perspective for behavioral impairment in PD. Specifically, difficulties with self-initiating and/or maintaining a steady performance across self-paced tasks in PD can be conceptualized as a deficit in task-set maintenance and/or adaptive task-control. Thus, it is conceivable that the reorganization of the sensorimotor network (SMN) observed in motor task-based fMRI studies in PD would be accompanied by the reorganization of the task-set maintenance (CON) and adaptive task-control (FPN) networks.
To examine the baseline reorganization of these networks, we employed the graph theory-based network analysis on resting-state fMRI data. Of note, state-independent functional connectivity is an increasingly recognized property of neural networks. Evidence indicates that resting-state and task-specific functional connectivity patterns of a network overlap strongly (Dosenbach et al. 2007; Hoffstaedter et al. 2014 ), implicating that the task-free intrinsic connectivity of a network may shed light on the basic neural organization of behavior (Seeley et al. 2007 ). Therefore, we assumed that this approach would reveal the critical network abnormalities at rest with the advantage of avoiding the potential confounds of excessive variability in explicit behavior or effort usually associated with taskbased fMRI. We created a composite network by combining the CON, FPN, and SMN nodes (Dosenbach et al. 2010 ) and focused our investigation on the functional segregation and integration features of this network. These features were shown to provide valuable information by demonstrating changes in network behavior in response to various types of damage in neuropsychiatric disorders (van den Heuvel et al. 2010 (van den Heuvel et al. , 2013 Rudie et al. 2012; Fair et al. 2013) . We propose that deficits in functional segregation and integration in our composite network would help us to better understand the problems in self-initiating and/or maintaining a steady performance across self-paced tasks in PD.
Methods

Participants
Thirty-six PD patients (age range 42-75 years, 12 females) and 36 age-and gender-matched healthy volunteers (HV) (age range 44-75 years) participated in the study after giving written informed consent in accordance with the Combined NeuroScience Institutional Review Board of the National Institutes of Health.
All participants underwent physical and neurological examinations as well as safety screening for MRI. The following exclusion criteria applied to all participants: The presence of any neurological or psychiatric disorder (other than PD and comorbid depression or anxiety for the PD group), or a medical condition that might affect the central nervous system, abnormality in routine clinical MRI scans, active alcohol or illicit drug use, and pregnancy.
Patients were referred from the National Institutes of Health Parkinson's Disease Clinic after a diagnosis was established according to the UK Parkinson's Disease Society Brain Bank Clinical Diagnosis Criteria (Hughes et al. 2001) . All patients had bradykinesia and at least one of the following impairments: rigidity, resting tremor, or postural instability. Patients were assessed using the Unified Parkinson's Disease Rating Scale (UPDRS) (Fahn and Elton 1987) and the Hoehn and Yahr scale (Hoehn and Yahr 1967) . All patients were scanned when they were off of any dopaminergic medication for at least 12 h (practical ''off'' state).
Based on our motion criteria, MRI data of six patients and six HVs were excluded. A total of 30 patients (average age = 61.2 ± 8.4, 11 females) and 30 HVs (average age = 61.4 ± 6.7, 10 females) were included in the analyses.
Image acquisition T1-weighted anatomical images (Inversion recovery, TR: 6.536 ms, TE: 2.816 ms, TI: 450 ms, slice thickness: 1.3 mm, FoV: 240 9 240 mm, matrix size: 256 9 256) and functional MRI data (Echoplanar imaging (EPI), TR: 2 s, TE: 30 ms, flip angle: 70, FoV: 240, slice thickness: 5 mm, 3.75 9 3.75 mm in-plane resolution, axial orientation) during rest with eyes closed for 6 min and 50 s were collected with four GE Signa HDx 3T scanners with 8-channel head coils in the Nuclear Magnetic Resonance Center at the NIH. Scanning parameters were kept constant across scanners and equal numbers of HVs and patients were studied in each scanner.
Analysis
Resting-state fMRI image preprocessing
The resting-state fMRI data were analyzed using the Analysis of Functional Neuroimages (AFNI) software (Cox 1996) . The afni_proc.py script for preprocessing and @ANATICOR script for noise detection and removal from resting-state time series were used. The following order of steps that was previously effective in preprocessing resting-state fMRI data was carried out (Jo et al. 2013) : anatomical images of individual subjects were aligned to the first volume of EPI data via affine transformation and segmented in gray matter, white matter, and cerebrospinal fluid tissue classes. The tissue masks were subsequently resampled to EPI resolution and eroded to decrease partial volume effects. Local noise in the white matter voxel time series (i.e., noise component as a function of voxel location) was also estimated. This approach reduced the sensitivity of correlation coefficients to head motion in resting-state data. Using the local white matter mask also diminishes hardware-related noise more efficiently than the global white matter mask (Jo et al. 2010) . The first two EPI volumes were removed to ensure that all remaining volumes were at magnetization steadystate. Spikes were identified in the time series. EPI volumes were slice-time corrected and motion parameters were estimated using rigid body transformations (three translations and three rotations, and their derivatives).
Motion limit was 0.4 mm and outlier limit was 0.1 (i.e., 10 % of all brain voxels per TR that are above the mean absolute deviation threshold from the polynomial trend). Subsequently, anatomical images were spatially normalized to the Montreal Neurological Institute (MNI)_-caez_N27 template. The transformations involved in motion correction, co-registration, and spatial normalization steps were applied at once to the EPI data to prevent multiple resampling steps. The EPI volumes were smoothed with a 6 mm full-width half-maximum Gaussian kernel. Nuisance variables (motion, spikes, local white matter) were regressed out. Global signal was not removed to prevent the introduction of spurious (anti)correlations (Saad et al. 2012) . The time series were bandpass-filtered (0.01 \ f \ 0.1 Hz) to capture the fluctuations of the blood oxygenation level-dependent (BOLD) signal that typically occur within this frequency range at rest.
Connectivity analysis
Network definitions
A total of 86 areas of interest (nodes) were included in the network analysis. The FPN (n = 21), CON (n = 32), and SMN (n = 33) network nodes were derived from Dosenbach et al. (2010) (Fig. 1a , Electronic Supplementary  Table 1 for all coordinates). The simple averages of the BOLD signal time courses were extracted from spheres with a radius of 5 mm centered on each node. A Pearson correlation coefficient was calculated between the average BOLD time course of each node and that of every other node. The resulting correlation adjacency matrices including all nodes were thresholded at multiple levels of the correlation coefficient ''r'' (0.1 B r B 0.4 in increments of 0.05) to ensure consistency across multiple threshold ranges. In this context, these correlation coefficients are called ''connections.' ' We used the weighted ''r'' values for all graph metrics. We quantified and compared the skewness of the unthresholded node strength distributions between the groups to ensure that the differences in graph metric results were not driven by the difference in skewness between the groups (see Electronic Supplementary Material).
Graph metric calculation
Graph metrics were calculated using custom MATLAB scripts containing functions from the Brain Connectivity Toolbox (Rubinov and Sporns 2010) . For each node of the composite network, we calculated strength as a general measure of connectivity, global efficiency and betweenness centrality as measures of functional integration, and clustering coefficient and local efficiency as measures of functional segregation (see box in ''Appendix: Box''). Together, these metrics allowed us to examine the functional integrity of our composite network model in the patient compared to the HV groups.
Between-group differences were assessed using permutation testing with 5000 permutations and a significance level set at p B 0.05, 2-tailed (Mattest function in Bioinformatics toolbox of Matlab 2013a). Threshold values are often arbitrarily determined and networks should ideally be characterized across a broad range of thresholds (Rubinov and Sporns 2010) . For consistency, we chose stringent criteria and considered graph metrics that indicated a significant difference (p B 0.05) between the two groups at a minimum of five out of seven correlation thresholds.
Furthermore, we investigated the behavioral relevance of the graph analysis results more directly in the PD group. We calculated the nodal graph metrics averaged across the whole network per patient (i.e., one entry per patient consisting of the particular graph metric average of 86 nodes) and correlated the UPDRS total scores with the averaged whole network metrics of the PD group. We considered significant behavioral-graph metric correlations (p B 0.05) at a minimum of five out of seven thresholds.
Networks and graph metric results were graphically displayed using the Gephi (Jacomy et al. 2014 ) and BrainNet Viewer (Xia et al. 2013 ) software packages.
Post hoc seed-based whole brain functional connectivity analyses
We performed post hoc seed-based whole brain functional connectivity analyses using the nodes that showed strong and consistent differences in several graph metrics (see ''Results'') as seeds. These analyses allowed us to extend our search area to the whole brain to explore the withinand between-group functional connectivity of these nodes in a broader context and to assess the potential influence of other areas outside the composite network on the functional connectivity of these nodes. To examine the relationship between the seed-based functional connectivity and behavior, we also correlated the functional connectivity of these nodes with the UPDRS total scores of the PD group.
BOLD signal time courses of the nodes were correlated with every voxel in the brain for each subject. The resulting individual functional connectivity maps were entered in one-sample t tests for within-group analysis and twosample t tests for between-group comparisons. Withingroup results were thresholded to display the top 5 % of the correlations. Between-group functional connectivity results were corrected using Monte Carlo simulations (ClustSim in AFNI). ClustSim computes the probability of a random field of noise producing a cluster of a given size after the noise is thresholded at a given level. A per-voxel p value threshold set at 0.001 and cluster size of 25 voxels yielded p B 0.05 corrected for the whole brain. The UPDRS total scores were used as covariates of interest separately in a simple correlation analysis with the individual functional connectivity maps. Results were corrected for the whole brain at p B 0.05.
Results
Participants
Average age did not differ significantly between the groups (p = 0.9). Details of the clinical characteristics of the patients are listed in Electronic Supplementary Material Table 2 .
The onset site of motor symptoms was on the right in 19 and on the left in 11 patients. The mean Hoehn and Yahr score was 2.4 ± 0.4 (range 2-3). A Hoehn and Yahr score of 2 corresponds to mild bilateral disease without impaired balance; 2.5 to mild bilateral disease with recovery on pull test; and 3 to mild-to-moderate bilateral disease with some postural instability (Hoehn and Yahr 1967) . Average disease duration was 9.5 ± 6.4 years (range 1-26 years). The UPDRS consists of four parts: Part I: mentation, behavior, and mood; Part II: activities of daily living; Part III: motor examination, and Part IV: complications of therapy. The b Fig. 1 mean total UPDRS score during the ''off'' period was 46.5 ± 15.2 (range 19-78) and mean ''off'' motor examination score was 28.4 ± 11.7 (range 6-53). None of the patients had signs of dementia as assessed using the Mini Mental State Examination test with a cut-off of 25 points (average 29.5 ± 0.8, data of two subjects are missing) (Folstein et al. 1975 ).
Preprocessing results
The average motion for HVs was 0.095 ± 0.04 mm and for patients 0.096 ± 0.04 mm. The average maximum displacement for HVs was 1.4 ± 0.7 mm and for patients 1.5 ± 0.8 mm. Finally, the average number of censored TRs for HVs was 4.2 ± 5.7 and for patients 6.2 ± 8.3. None of these parameters differed significantly between the groups. Final smoothing of the BOLD signal was 11 mm for both groups.
Graph metrics
The adjacency matrices showed similar correlation patterns in both groups and the average pairwise correlation strength among 86 nodes did not differ significantly between the groups (r = 0.28 in HV; r = 0.25 in patients) (Fig. 1b) . The skewness of the distribution of the unthresholded node strengths was also not significantly different between the two groups (Electronic Supplementary  Figs. 1, 2) indicating that skewness could not be the factor driving the graph analysis results. Details of the between-group statistical results of the graph analysis are summarized in Table 1 . Anatomical and Brodmann area labels, and MNI coordinates of these nodes are listed in Table 2 .
In summary, global efficiency of the composite network did not differ between the groups. Patients showed lower node strength compared to HVs in several nodes including the left dorsal anterior insula (dAI), left temporoparietal junction (TPJ), and left posterior temporal areas in the CON, and right precentral gyrus (preCG1), right superior temporal gyrus, and right posterior insula in the SMN. The clustering coefficient was also reduced in patients mostly in the SMN nodes. Most CON and SMN nodes with lower node strength and clustering coefficient, as well as the left intraparietal sulcus in the FPN, also demonstrated reduced local efficiency in patients. In addition, the dAI and TPJ on the left (Fig. 1c) and right mid-insula nodes in the CON and right orbitofrontal gyrus node in the FPN showed lower betweenness centrality in patients.
The only metric that showed higher values in patients was the betweenness centrality in the left mid-insula and left precentral gyrus nodes in the SMN.
Correlations between graph metrics and UPDRS total scores
There was a significant positive correlation between the UPDRS total scores and the averaged nodal clustering coefficient and local efficiency of the whole network; and a significant negative correlation between the UPDRS total scores and the averaged nodal betweenness centrality of the whole network (Electronic Supplementary Table 6 ).
Post hoc seed-based whole brain functional connectivity
The left dAI (x = -36, y = 18, z = 2), left TPJ (x = -52, y = -63, z = 15) nodes in the CON, and right preCG1 (x = 18, y = -27, z = 62) node in the SMN showed strong and consistent differences in several graph metrics between the groups and were used as seeds in the whole brain functional connectivity analyses as described in ''Methods''.
All three nodes demonstrated robust functional connectivity with multiple brain areas common in both groups. We reported the top 5 % of correlations of withingroup functional connectivity maps for each seed (Electronic Supplementary Tables 3-5 and Electronic Supplementary Fig. 3) . In both groups, the left dAI demonstrated the strongest functional connectivity with the cingulate and inferior parietal areas; the left TPJ with precuneus, ventral-lateral and superior-medial frontal, and temporal areas, and the insula; finally, the right preCG1 with the lateral premotor areas, supplementary motor area, temporal and visual areas, and insula. In addition, functional connectivity with the basal ganglia (putamen, thalamus) was also observed in the right preCG1 and left dAI in both groups.
The following differences were observed in betweengroup comparisons (HV [ PD): the left dAI seed showed a trend of higher functional connectivity with the right angular gyrus. The left TPJ seed showed significantly stronger functional connectivity with the right orbitofrontal insula. The right preCG1 seed also demonstrated significantly stronger functional connectivity with several regions including the right precentral gyrus, left postcentral gyrus, right calcarine sulcus, bilateral superior temporal gyrus, and right supplementary motor area (Table 3 , Electronic Supplementary Fig. 3 ). There was no brain area that showed stronger functional connectivity in the PD compared to the HV group in any of the three functional connectivity maps of interest. We did not observe significant correlations between any of the individual functional connectivity maps and the UPDRS total scores in the PD group (Electronic Supplementary Material).
Discussion
In this study, we investigated the resting-state functional integrity of top-down control and sensorimotor networks combined in mild-to-moderately affected PD patients without dementia during their off-medication state compared to their matched controls. The overall connectivity pattern and strength, as well as the global efficiency of the composite network, did not differ between the groups suggesting that this network exhibits comparable global features in both groups at rest. However, we observed reorganization of the composite network at a local (nodal) level in patients in the following ways: (1) decreased node strength indicating decreased functional connectivity which was more prominent among the CON and SMN nodes; (2) decreased clustering and local efficiency consistent with less functional segregation and less efficient local information processing primarily in the SMN nodes; and (3) decreased betweenness centrality together with reduced node strength primarily in the CON nodes implicating reduced ''bridging'' function and less functional integration in these nodes. Moreover, graph metrics averaged across the whole composite network correlated significantly with overall disease-related impairment. We discuss our findings in the context of functional segregation and integration of networks and relate them to behavioral manifestations unique to PD pathology.
Functional segregation
We observed reduced clustering and local efficiency in patients in several SMN and CON nodes involving the sensorimotor cortex and posterior parts of the inferior, middle, and superior temporal areas. The post hoc whole brain functional connectivity analysis using the representative right preCG1 node as a seed corroborated these findings by revealing significantly decreased functional connectivity between the right preCG1 and other sensorimotor and temporal areas in patients.
Previous functional neuroimaging studies of motor tasks in PD did not report changes in primary sensorimotor cortical activation. Our findings of less segregated primary sensorimotor processing in a task-free state implicate that this baseline deficit might contribute to task-related functional reorganization in other sensorimotor areas in PD as summarized in the Introduction (i.e., hypoactivation inside and hyperactivation outside task-related networks).
The sensorimotor findings indicating less efficient local processing are also consistent with observations in electrophysiological studies demonstrating that the motor he up and down arrows display the significant changes in graph metrics in PD relative to the HV group. Note that the node labels in this study were determined based on the MNI probabilistic maps in AFNI CON cingulo-opercular network, FPN frontoparietal network, SMN sensorimotor network, L left, R right, post posterior, dAI dorsal anterior insula, ITG inferior temporal gyrus, MTG middle temporal gyrus, STG superior temporal gyrus, TPJ temporoparietal junction, IFG inferior frontal gyrus, Tri triangularis, preCG precentral gyrus, postCG postcentral gyrus, OFG orbitofrontal gyrus, IPS intraparietal sulcus, MI midinsula, PI posterior insula * p B 0.05 at six out of seven and^p B 0.05 at five out of seven correlation thresholds (0.1 B r B 0.4 in increments of 0.05). For all other nodes, p B 0.05 across seven correlation thresholds cortical drive in PD is slow and leads to inadequate recruitment of motor units (Brown 2000; Salenius et al. 2002) . As a consequence, movements in PD are not given the full motor command that they require (Berardelli et al. 2001; Hallett 2003) .
Posterior parts of the temporal areas also demonstrated less segregation in PD. These are downstream nodes involved in visuomotor processing during task-set maintenance (Dosenbach et al. 2007) . A large variety of tasks based on visual perception of movement recruit these regions (Giese and Poggio 2003; Schultz et al. 2004; Pyles et al. 2007; Jastorff et al. 2011) . Less segregation in these areas at rest suggests impaired visuomotor information processing at baseline that might contribute to difficulties with task-set maintenance. This finding is consistent with visuomotor processing problems in PD causing difficulties with judging distances and motion, and navigating around obstacles in everyday environments (Davidsdottir et al. 2005) , as well as freezing of gait (Fahn 1995; Cowie et al. 2012; Nantel et al. 2012) . Further evidence for abnormal visuomotor processing comes from a task-based fMRI study. During an optic flow task causing a perceived forward self-motion, PD patients showed less activation in the dorsal visual areas, specifically the motion perception area V5 (MT) compared to controls. However, the functional connectivity between the V5 and pre-SMA was enhanced in the PD group suggesting unbalanced motor responses due to suboptimal visuomotor processing (van der Hoorn et al. 2014 ).
Functional integration
The most consistent and robust findings related to functional integration among all nodes were decreased node strength and betweenness centrality in the left dAI and left TPJ nodes of the CON in patients. Basic criteria for network hub identification generally include both high connectivity and centrality (Sporns et al. 2007 ). In addition, the most consistent anatomical feature of hub regions is that they are multimodal association areas (Sporns et al. The MNI coordinates and Brodmann area (BA) labels of nodes that showed statistically significant differences in graph metrics between the groups are listed CON cingulo-opercular network, FPN frontoparietal network, SMN sensorimotor network, L left, R right, post posterior, dAI dorsal anterior insula, ITG inferior temporal gyrus, MTG middle temporal gyrus, STG superior temporal gyrus, TPJ temporoparietal junction, IFG inferior frontal gyrus, Tri triangularis, preCG precentral gyrus, postCG postcentral gyrus, OFG orbitofrontal gyrus, IPS intraparietal sulcus, MI mid-insula, PI posterior insula a Inferior parietal lobule is within 1 mm b Postcentral gyrus (BA3) is within 1 mm 2007). Both TPJ and dAI are multimodal association areas that are also anatomically connected to each other (Kucyi et al. 2012 ) and show stronger and more diverse connectivity with the rest of the composite network in controls. Therefore, we propose that these two areas are critical nodes in our composite network and might function as hubs, disruption of which might contribute to PD pathology in various ways. The insula has been identified as an anatomical hub (Iturria- Medina et al. 2008) . Functionally, the dAI plays a highly integrative role in many tasks (Chang et al. 2013) . In a meta-analysis of functional neuroimaging studies, the dAI was found to be the overlap region for tasks assessing cognition, interoception, empathy, emotion, pain, olfaction, and gustation (Kurth et al. 2010 ). This overlap suggests that the dAI plays a pivotal role in integrating sensory information processed in the posterior parts and emotional valuation processed in the ventral anterior parts of the insula with cognitive appraisal. This integration is thought to give rise to the sentient self and self-awareness (Craig 2009 ) and set the stage for self-initiated action. Indeed, a meta-analysis of functional neuroimaging studies using self-and external agency paradigms with visual feedback demonstrated increased dAI activity during perception of self-agency (Sperduti et al. 2011) . It is conceivable that integration of matching multimodal inputs (e.g., action, proprioception, visual feedback) at the dAI results in increased self-awareness and facilitates discrimination between the self and other. With respect to its role in our composite network, we think that the dAI might have the critical function of enhancing self-awareness which would be at the core of any task performance, and without which, task-set maintenance would be impossible. Thus, reduced functional connectivity and integration in the dAI observed in our PD group could be one of the basic mechanisms underlying their difficulties with self-initiating a voluntary movement and sustaining a steady performance throughout self-paced tasks.
There is also evidence linking AI dysfunction to PD pathology. Alpha-synuclein-immunoreactive inclusions, the hallmark of PD pathology, are densely deposited throughout the insula starting in stage 5 of Braak's classification (Braak et al. 2006) . The AI also exhibited significant loss of dopamine D2 receptor binding in nondemented PD patients with minimal cognitive impairment. This loss correlated positively with dopaminergic depletion in the associative striatum and with the degree of executive dysfunction strengthening the view of the AI as a higher cognitive hub (Christopher et al. 2014) .
The other critical node, TPJ, is also a multisensory integration area and recruited in myriad tasks ranging from basic perception to social cognition. It plays an integral role in conscious experience of the normal self and agency (Vogeley and Fink 2003; Blanke et al. 2005; Sperduti et al. 2011) . A unified role for the TPJ can be conceptualized as that of a comparator of internal predictions (self, actions) with external context (space, sensory feedback) and a mismatch detector (Nahab et al. 2011) . For instance, abnormal activation of the TPJ during own-body imagery affects the mental own-body transformations causing one's visual perspective and experience of self to diverge (Blanke et al. 2005) . Conversely, disrupting TPJ activity enhances motor imitative ability suggesting that the motor representations of self and others converge, i.e., the other person's action cannot be inhibited and/or the self-generated motor representation cannot be activated against it, resulting in decreased control over imitation (Tsakiris et al. 2008; Sowden and Catmur 2013) . This imitative facilitation is also observed in PD patients. The voluntary selfinitiation problems, for instance, difficulty initiating gait after freezing, can be overcome when another person or a cue drives the action (Iansek et al. 2006) . Similarly, PD patients can reverse their difficulties in task-set maintenance (e.g., progressive decline in movement speed and/or amplitude across trials during continuous tasks) when there is visual feedback or another person whose behavior they can imitate.
We think that the compromised TPJ function at rest might lead to failure to reconcile internal predictions with external context required for initiation and task-set maintenance. This failure together with reduced functional connectivity between the left TPJ and right orbitofrontal insula observed in the seed-based whole brain functional connectivity analysis in patients might, in part, be the neural basis of imitative facilitation.
Previous task-based neuroimaging studies demonstrated abnormal activation patterns in frontostriatal areas in PD patients (Owen et al. 1998; Dagher et al. 2001; Cools et al. 2002; Monchi et al. 2004; Tinaz et al. 2008 , Wu et al. 2011a . Our graph and seed-based analyses revealed functional connectivity differences in a few frontal nodes between the groups. Since frontal nodes are primarily involved in adaptive top-down control, it is conceivable that dysfunction in these nodes would be more prominent during task performance rather than at rest. More recent seed-based resting-state fMRI studies also showed abnormal striatal functional connectivity and striatal-cortical remapping in PD (Helmich et al. 2010; Wu et al. 2011b; Hacker et al. 2012; Luo et al. 2014 ). We did not find between-group differences in striatal nodes included in the CON in graph or seed-based analyses. However, it is possible that the striatal nodes, while preserving their own functional connectivity at baseline within our selected composite network in PD, indirectly influence the functional connectivity of the other nodes in this network (Electronic Supplementary Material).
Correlations with behavior
The large-scale composite network examined here encompasses brain areas concerned with multiple behavioral domains extending beyond motor function. Similarly, in addition to the objective motor deficits, the UPDRS also evaluates patients' perceived impairment and slowness in activities of daily life such as handwriting, dressing, and gait, as well as difficulties in cognition, mood, and motivation. Therefore, the total UPDRS score provides a holistic assessment of disease-related behavioral impairment. The negative correlation between the total UPDRS scores and average nodal betweenness centrality suggests that reduced functional integration capacity across the composite network nodes might predict disease-specific behavioral impairment in PD. The unique contributions of the most affected left dAI and left TPJ nodes to this impairment need to be investigated in specific task-based studies.
We also observed positive correlations between the total UPDRS scores and average nodal clustering coefficient and local efficiency. Taken at face value, these results indicate that stronger functional segregation predicts worse behavioral impairment. However, many nodes of the composite network, primarily those belonging to the SMN, demonstrated reduced functional segregation in PD. Therefore, a neurobiologically more plausible interpretation would be reorganization in the local community structure of the composite network that might be related to behavioral impairment in PD. This resting-state local reorganization might also form the basis of task-related reorganization of the networks in PD (i.e., hypoactivation inside and hyperactivation outside task networks).
In conclusion, our results demonstrate nodal deficits in the resting-state functional integration and segregation properties of the composite network consisting of the topdown task-control and sensorimotor networks are impaired in PD. Specifically, these deficits consist of reduced local efficiency in sensorimotor and posterior temporal areas concerned with visuomotor information processing and compromised bridging function in the TPJ and dAI, both of which are involved in integrating multimodal information. We think that this integration is crucial for self-awareness, sense of agency, and ultimately for intact perception of self-in-action. In addition to the well-known task-related frontostriatal mechanisms, we propose that these restingstate deficits constitute neural mechanisms contributing to problems with self-initiation and task-set maintenance especially in self-paced tasks in PD. Our findings reflect the changes in the task-free intrinsic connectivity of the composite network and generate multiple hypotheses for future task-based fMRI studies to probe the specific role of these compromised network nodes in actual behavioral deficits.
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Appendix: Box
Graph metric definitions 1 Functional segregation of a neural network refers to its ability for specialized processing within clusters of nodes.
Functional integration is related to a neural network's ability to bind information efficiently from distributed regions.
Node strength indicates how strongly one node is connected to the rest of the nodes in the network. It is computed as the sum of the weights of the connections that link a node to the rest of the nodes.
Path is the shortest distance (i.e., minimum number of connections) between a node and every other node in the network. Efficiency is inversely related to path length.
Global efficiency is calculated as the inverse of the average shortest path length between all pairs of nodes in the network. It is a measure of functional integration.
Node Betweenness Centrality indicates how central a node is to the communication among other nodes in the network. It is computed as the fraction of all shortest paths in the network that contain a given node. Nodes with high values of betweenness centrality participate in a large number of shortest paths and potentially function as hubs.
Clustering coefficient measures the density of connections between neighboring nodes. It is computed as the number of connections that exist between the nearest neighbors of a node as a proportion of the maximum number of possible connections. High clustering is associated with high local efficiency of information transfer.
Local efficiency reflects how relevant a node is for the communication among neighbors. It is computed as the inverse of the average shortest path connecting all neighbors of a node. It is a nodal measure of the average efficiency within a local neighborhood, and is related to the clustering coefficient.
